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CNN-Based Action Recognition and Pose Estimation for Classifying
Animal Behavior from Videos: A Survey

MICHAEL PÉREZ and COREY TOLER-FRANKLIN, University of Florida, USA

Classifying the behavior of humans or animals from videos is important in
biomedical fields for understanding brain function and response to stimuli.
Action recognition, classifying activities performed by one or more subjects
in a trimmed video, forms the basis of many of these techniques. Deep learn-
ingmodels for human action recognition have progressed significantly over
the last decade. Recently, there is an increased interest in research that in-
corporates deep learning-based action recognition for animal behavior clas-
sification. However, human action recognition methods are more developed.
This survey presents an overview of human action recognition and pose es-
timation methods that are based on convolutional neural network (CNN) ar-
chitectures and have been adapted for animal behavior classification in neu-
roscience. Pose estimation, estimating joint positions from an image frame,
is included because it is often applied before classifying animal behavior.
First, we provide foundational information on algorithms that learn spa-
tiotemporal features through 2D, two-stream, and 3D CNNs. We explore
motivating factors that determine optimizers, loss functions and training
procedures, and compare their performance on benchmark datasets. Next,
we review animal behavior frameworks that use or build upon these meth-
ods, organized by the level of supervision they require. Our discussion is
uniquely focused on the technical evolution of the underlying CNN models
and their architectural adaptations (which we illustrate), rather than their
usability in a neuroscience lab. We conclude by discussing open research
problems, and possible research directions. Our survey is designed to be
a resource for researchers developing fully unsupervised animal behavior
classification systems of which there are only a few examples in the litera-
ture.

CCS Concepts: •Computingmethodologies→Neural networks.

Additional KeyWords and Phrases:Deep Learning, Action Recognition,
Pose Estimation, Behavior Phenotyping, Levels of Supervision

1 INTRODUCTION

This survey presents a comprehensive overview of CNN architec-
tures for human action recognition and human pose estimation
from videos. The paper traces the development and adaptations of
the subset of networks that have been extended for animal behavior
classification. Action recognition aims to identify and classify the
activity in a trimmed video. The output of an action recognition
algorithm is a set of class labels for each trimmed video. When the
class label is one of a set of pre-defined expressions that occur in
response to a stimuli (behavior) [32], the task is behavior classifica-
tion. Pose estimation is the task of determining a subject’s position
and orientation in an image frame. Pose-based action recognition
methods use pose estimation predictions (image frame coordinates)
to classify body movements. Pose estimation may be used to iden-
tify joint positions before classifying behavior. Action recognition
is critical for analyzing motion in videos for disciplines such as ro-
botics, security, and biomedical engineering. These methods use
labels. Because manual labeling is time consuming, and introduces
human bias and reproducibility issues, there is a growing interest in
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Fig. 1. CNN-based Animal Behavior Classification Frameworks and Ani-
mal Pose Estimation and Tracking Methods Organized by the Neural Net-
work Architectures They Build Upon. Representative Examples Shown.

developing action recognition methods for fully unsupervised be-
havior classification that have less complex systems. A fully unsu-
pervisedmethodwould not require labels, hand-crafted features, or
additional pose estimation steps. This survey reviews CNN-based
human action recognition and pose estimation methods and their
extensions to animal behavior classification with a particular focus
on open problemswith unsupervised animal behavior classification
in neuroscience.

Our contributions include:

(1) A review of 2D, two stream and 3D CNNs that detect and
analyze spatio-temporal features in videos for action recog-
nition and pose estimation (Sections 3 and 4), including open
challenges, design decisions, key contributions, and perfor-
mance on benchmark datasets (Tables 4 and 5). The review
focuses on the subset of methods that have extensions for
classifying animal behavior.

(2) An organizational strategy for categorizing a representative
set of animal behavior classification frameworks by the level
of supervision they require, considering their dependency
on handcrafted features, labels, pose estimation and learning
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strategies (Section 5.4). Key contributions and performance
on benchmark datasets are summarized (Tables 7, 8, and 9).

(3) Illustrations that permit visual comparison of animal behav-
ior classification frameworks, including system components
like pose estimation techniques, neural network architectures
and dimensionality reduction and clustering algorithms (Fig-
ures 9, 10 11). Diagrams that show commonalities between
underlying CNN architectures (Figures 1, 4), and relation-
shipswith the human action recognition and pose estimation
methods they build upon (Figure 7).

(4) A discussion of opportunities to develop or extend action
recognition methods motivated by open problems with un-
supervised animal behavior classification.

1.1 Motivation

Action recognition is an important research area in computer vi-
sion that continues to experience significant growth. This is due in
part to its broad application in fields such as robotics, security, and
biomedical engineering for tasks such as human-robot collabora-
tion [97], surveillance [5], and behavior analysis [4, 32, 139]. Large
publicly available video datasets [82] with high inter-class variabil-
ity have facilitated the development of deep learning algorithms
for video classification that are more robust and effective. However,
open problems remain.
This paper focuses on action recognition methods that use CNNs

to learn spatio-temporal features from videos. Spatio-temporal fea-
tures are key points that exhibit spatial variations in color intensi-
ties within a frame, and temporal variation between frames. Neu-
ral networks detect these features and use them to classify video
clips. Such features may be learned through network architectures
that have both a spatial stream that operates on individual frames,
and a temporal stream that operates on motion information. Other
modifications add a temporal dimension to the filters and pooling
kernels to create 3D CNNs.
Action recognition algorithms operate on trimmed videos. These

trimmed videos contain one action instance. Untrimmed videos are
long unsegmented videos, containingmultiple action instances [159]
(Figure 2). Action detection (localization, or spotting) is a related
research area that locates actions of interest in space and (or) time
in both trimmed and untrimmed videos. Before classifying the ac-
tions in an untrimmed video, the start and end time of each action
is determined. Many classification frameworks we review in Sec-
tion 5.4 operate on untrimmed videos. A small number may even
incorporate networks inspired by action detection. However, they
generally produce per-frame labels, without the complexities of an
additional temporal action detection [159] step to segment videos.
For this reason, we do not include action detection in our review.
DeepEthogram [14] is an interesting example that demonstrates
that action recognition and action detection are highly related. The
pipeline uses a CNN developed for action recognition to estimate
motion features, and then classifies the spatial and motion features
in each frame using a network designed for action detection. The
result is a per-frame set of behavior class labels.
Our review includes three types of learning models, categorized

by the training data they operate on: supervised that require labeled

Fig. 2. Trimmed andUntrimmed Videos: (top row) The first and last frames
from clipped videos of (le�) a basketball dunk and (right) a basketball
shot from UCF101 [143]. (middle row) Four frames 60 frames apart from
an untrimmed video from THUMOS14 [75]. (bo�om row) Four frames 60
frames apart from a untrimmed animal behavior dataset [72].

data, semi-supervised that use both labeled and unlabeled data, and
unsupervised that operate on unstructured data without labels. Fig-
ure 2 (top row) shows class labels for shot and dunk. Figure 2 (bot-
tom row, left to right) shows animal behavior classification labels
for rear, walk , walk , walk. The label rear indicates that the animal
stands on hind legs.
Most methods presented in this review require some level of su-

pervision. However, using predefined labels is limiting, as micro-
scale actions that are not in the labeled dataset but exist in the
unstructured data, may go undetected. Direct processing on raw
pixels would enable fewer processing steps, without the need for
hand-crafted features to produce consistent poses for different sub-
jects.
There are many challenges with action recognition from videos.

It is challenging to trace the motion of body parts which are oc-
cluded in intermittent frames. Artifacts from variations in light-
ing or varying parameters from camera or devices (that have dif-
ferent imaging quality and frame rates) add additional challenges.
Many pose-based systems do not generalize well to in-the-wild con-
ditions.
Behavior analysis is important [2, 109] with many real-world

applications. Recent projects extend human action recognition for
detecting and interpreting behavior in small animals. Additional
challenges exist in this domain [2]. Tracking multiple subjects that
have identical appearance is challenging, often requiring special-
ized tracking devices that are distracting. Many systems incorpo-
rate several machine learning tasks such as object detection, pixel-
wise segmentation, and dimensionality reduction. Thus, classifica-
tion systems are often complex, requiring many processing steps.
We present an organizational strategy for animal behavior classi-
fication that considers system components and learning strategies
in addition to inputs.
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There is a significant number of CNN-based action recognition
and pose estimation methods for both human and animal activity
recognition. This enables a thorough review of the subject.

Relation to Other Surveys: To our knowledge, this is the only
survey with an organizational structure for examining commonal-
ities between the neural network architectures of the related tasks
of human action recognition and pose estimation (Figure 1) in the
context of their extensions for animal behavior classification (Fig-
ure 7). Our survey presents a novel taxonomy for animal behav-
ior classification frameworks that is more detailed and provides a
broader range of supervision levels that are not considered in other
work [10]. We also include recent work with unsupervised animal
behavior classification systems which are not expounded upon in
other reviews.
Surveys on human pose estimation [28, 177] and action recogni-

tion are generally handled separately, and often cover a broad range
of network architectures. Zheng et. al. [177] provide a systematic
review of deep learning-based 2D and 3D human pose estimation
methods since 2014, while Zhu and colleagues [181] offer a compre-
hensive survey of deep learning methods for video action recogni-
tion. Other reviews on these topics target specific network architec-
tures. Recently, transformers [95, 181] have become the model of
choice for processing sequential data. The following surveys cover
transformers for action recognition [181] and pose estimation [95].
A related body of work reviews animal behavior classification

models in neuroscience and computational ethology which is the
study of animal behavior [2]. These reviews cover many topics
including measuring animal behavior across scales [10], machine
learning for animal activity recognition [84], advances in 3D behav-
ioral tracking [106] for full pose measurements, monitoring with
wearable devices [84], and behavior profiling [166]. We focus on
small laboratory animals in methods that do not require wearable
tracking devices.
Many surveys in neuroscience focus on the usability of these

methods as tools in a lab [109]. A 2021 review [166] evaluates be-
havior analysis approaches. We trace the technical development of
the underlying neural network architectures.
Other surveys have proposed a taxonomy for animal behavior

classification systems. One proposal [10] uses a dynamical repre-
sentation of behavior that describes how the measured postural
time-series are changing. Straightforward approaches [11, 72, 165]
manually create features which are fed to a supervised classifier or
a clustering algorithm. The author argues that a dynamical repre-
sentation should be produced naturally from pose dynamics in an
unsupervised manner [10].

2 BACKGROUND

We begin with definitions, terms, and background information that
support the paper discussion.

Neural networks are integral to most frameworks in our review.
Here we describe basic operations of a feedforward neural network.
Given a function, ~ = 5 ∗ (x) that maps an input vector x to an
output label ~, a feedforward neural network defines a mapping

~ = 5 (x, ) ), and learns the values of ) that yield the best approx-
imation of 5 ∗. Activation functions are computed at each node us-
ing function outputs from nodes at lower levels in an acyclic graph.
Activation functions introduce non-linearities to improve perfor-
mance on complex datasets. The rectified linear unit (ReLU) [173]
function, 5 (G) = max(0, G) is the default activation in feedforward
networks. During training, input observations x propagate forward
through network layers, producing an output prediction ~̂ and a
scalar cost � () ). Backpropagation allows cost information to flow
backwards through the network for use in optimization methods
(like stochastic gradient descent) that minimize � () ). Activation
functions should avoid linearities, saturation and vanishing gradi-
ents. The leaky ReLU function [104] is a modified ReLU function
with a small slope for negative values that permits non-zero gradi-
ents, even when the unit is inactive. This avoids vanishing gradi-
ents that inhibit learning.

Optimizations can improve network efficiency, increase classifica-
tion accuracy, and reduce adverse effects like overfitting. Architec-
tural improvements also provide regularization within a network
to address issues like vanishing gradients.

Advantages of Deep Networks: It has been shown empirically
that, although deeper networks are harder to optimize, they require
fewer parameters and generalize better than shallow networks [51].

Regularization is a technique that modifies a learning algorithm
to reduce generalization error so that the model performs well on
unseen data distributions.

Batch normalization scales and centers inputs to normalize them
for faster, more stable training.

EnsembleMethods combine predictions of several neural networks
to reduce test error at the expense of some additional computation
costs.

2.1 Network Architectures

Convolutional Neural Networks (CNNs): [92] use convolution
(rather than matrix operations) in at least one layer. CNNs are regu-
larizedmulti-layer perceptrons [110] that leverage the spatial struc-
ture inherent in grid-like structures (like images) for regulariza-
tion, through local filters, convolutions, and max-pooling layers.
Advancements in GPU hardware have allowed CNNs to scale to
networks with millions of parameters, improving state-of-the-art
image classification and object recognition. AlexNet [88] was the
first CNN to achieve state-of-the-art results on the ImageNet [36]
dataset, a benchmark dataset used for a of variety deep learning
challenges. The network is based on LeNet-5 [93]. VGGNet [142]
improves uponAlexNet by using smaller convolutional filters (3×3)
and increased network depth to support between 16 to 19 layers.

Inception [148] was designed to improve utilization of comput-
ing resources within a network by using 1 × 1 convolutions and
improved multi-scale processing. The process connects auxiliary
networks to intermediate layers to encourage discrimination in the
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lower layers of a CNN. The auxiliary networks are discarded at test
time. The GoogLeNet 22-layer network is a notable example that
won the 2014 ImageNet challenge. Other examples like Inception-
v3 [149] improve upon the original Inception architecture by fac-
torizing 5 × 5 and 7 × 7 convolutions into multiple smaller, more
efficient convolutional operations and incorporating batch normal-
ization.

Fast R-CNN is a deep CNN designed for object recognition that
extends the Region-Based Convolutional Neural Network (RCNN).

Autoencoder: A neural network designed for dimensionality re-
duction in which an encoder learns a compressed feature represen-
tation from unlabeled data. The decoder validates the representa-
tion by attempting to reconstruct the original data from the fea-
tures.

Residual Neural Networks (ResNets) [58] utilize residual blocks
with skip connections to jump over layers that are not updated to
allow for better gradient to flow, mitigating the vanishing gradi-
ent problem. These architectural modifications permit deeper net-
works. The results improved upon VGGNet in the ImageNet chal-
lenge using a network with up to 152 layers.

YOLOv3 (You Only Look Once) [134] is a CNN architecture de-
signed for fast object detection that has 53 convolutional layers
and uses residual blocks [58]. The YOLO family of models is not
proposal-based and frames object detection as a regression prob-
lem that predicts bounding box coordinates and class probabilities
given image pixels.

Recurrent Neural Networks (RNNs): These methods process se-
quential or time-series data. Cycles in the graph allow output from
one layer to be fed back as input to another layer.

Transformers [95, 181] are neural networkswith self-attention [164]
that operate on sequential data in parallel, without the need for re-
currence (found in RNN-based models [9, 103]).

2.2 General Classification and Training Methods

Temporal Random Forest Classifier An extension of a random
forest to the multi-frame case.

Hand-crafted Features are created by manual feature engineer-
ing. They are usually dataset dependent and do not generalize well.
Neural networks, on the other hand, detect features automatically
from unstructured data.

Active Learning: Semi-supervised classification of pose features
as behavior labels employs unsupervised and supervised learning
to minimize the number of behavioral labels while maximizing ac-
curacy. Active learning approaches aim to systematically choose
which samples should be labeled so that the number of samples is
minimized, and the accuracy is maximized.

ContrastiveLearning:A technique that increases the performance
of vision tasks by contrasting samples against each other. The goal

is to learn attributes that are common between data classes, and at-
tributes that make data classes different. The approach learns rep-
resentations by minimizing the distance between positive data and
maximizing the distance between negative data.

Transfer learning is a mechanism for training neural networks
when there is insufficient data in the target domain. Transfer learn-
ing uses knowledge gained from one domain to improve general-
ization in a related domain. For example, in a supervised learning
context, a model may be trained to classify images of one object
category, and then used to classify images of another (training on
cats and dogs and testing on horses and cows for example). This
is useful because visual categories often share low-level features
like edges and shapes. Another transfer learning technique trains a
model on a large unlabeled dataset using an unsupervised learning
algorithm, then fine-tunes the model on a labeled dataset with a
supervised algorithm. This unsupervised pretraining is helpful as
large, labeled datasets are hard to collect.

ImageNet Pre-Training: ImageNet is a benchmark dataset used
for a variety of deep learning challenges including transfer learning
experiments. It contains 1, 431, 167 images that correspond to 1, 000
classes and large networks trained on this dataset have shown state-
of-the-art results in the image domain. The full ImageNet dataset
contains 22, 000 classes, but in experiments and the ImageNet chal-
lenge 1, 000 high-level categories are used. Transfer learning meth-
ods [124] that use ImageNet as a source domain have been effec-
tive for improving state-of-the-art classification results in related
target domains. For example, a network trained on ImageNet was
used [124] for the PASCAL Visual Objects Classes challenge [40].
Through transfer learning, deep CNNs pre-trained on ImageNet
were also used for other tasks like scene recognition [38] and ob-
ject recognition [49]. In Section 4, we discuss transfer learning on
video datasets.

2.3 Action Recognition: Terms

Spatio-temporal Features are used to analyze changes in image
structure that vary with time. Spatial interest points occur at posi-
tions of significant local variation in image intensities [100]. Spatio-
temporal interest points are extensions of spatial interest points as
they record significant local variation of the pixel intensity in the
spatio-temporal domain of the video volume [99].

2.4 Graphical Models

Hidden Markov Model (HMM): A graphical model that repre-
sents probability distributions over sequences of observations that
are produced by a stochastic process. The states of the process are
hidden. The state /C at time C satisfies Markov properties and de-
pends only on the previous state, /C−1 at time C − 1.

Autoregressive Hidden Markov model (AR-HMM): A combi-
nation of autoregressive time-series and Hidden Markov Models.
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Graph Convolution Networks extend convolution from images
to graphs and have been used successfully in pose-based action
recognition.

Belief Propagation is a message-passing algorithm for perform-
ing inference in graphical models.

Graphical Models for Joint Detection: Pose estimation meth-
ods may use graphical models with nodes that represent joints and
edges that represent pairwise relationships between joints. Each
final joint distribution is a product of unary terms which model
the joint’s appearance cues, and pairwise terms which model lo-
cal joint inter-connectivites. These methods examine local image
patches around a joint to detect it, and to estimate the relative po-
sition of neighboring joints.

2.5 Pose Estimation: Terms

Part Affinity Fields are a set of 2D vector fields that represent the
location and orientation of limbs in an image.

2.6 Pose Estimation: Evaluation Metrics

Percentage of Correct Parts (PCP) evaluates limb detection. A
limb is detected if the distance between the prediction and the true
limb location is within a threshold: half the limb length.

PercentofDetected Joints (PDJ) evaluates joint detection. A joint
is detected if the distance between the prediction and the true joint
location is within a threshold: a specified fraction of the torso di-
ameter.

Percent of Correct Keypoints (PCK) is an accuracy metric that
determines whether the distance between the predicted keypoint
and the true joint location lies within a varying threshold.

3 HUMAN POSE ESTIMATION

In this section, we review CNN-based human pose estimation tech-
niques that operate on images (Section 3.1) and videos (Section 3.2).
Themethods presented contribute to animal behavior classification
frameworks presented in Section 5. Table 1 summarizes common
benchmark image datasets used in deep learning, with pose esti-
mation datasets indicated with bold text. The key contributions of
the methods discussed are summarized in Table 4.
Human pose estimation methods generate a set of (G,~) coordi-

nates that correspond to the position of body joints within an im-
age frame. These predictions are used as input to pose-based action
recognition methods. Using taxonomy from deep learning-based
human pose estimation [177], we categorize these approaches as
2D or 3D, and single-person or multi-person. The 2D single-person
methods are regression-based or detection-based. Regression-based
methods regress an image to find joint locations, while detection-
based methods detect body parts using heat maps. The 2D multi-
person methods use top-down or bottom-up pipeline approaches.
Top-down pipeline approaches use person detectors to obtain a set
of bounding boxes for each person in the image before applying
single-person pose estimation techniques to each bounding box to

obtain the multi-person pose estimation. Bottom-up pipeline ap-
proaches first locate all the joints of all people in an image, and
then assign them to individuals. We cover 3D pose estimation from
image or video input, and categorizemethods as single-view/single-
person, single-view/multi-person or multi-view.

Dataset Year Size Classes Joints
MNIST [93] 1998 70, 000 10 -
ImageNet [36] 2009 1, 431, 167 1, 000 -
CIFAR-10 [87] 2009 60, 000 10 -
HumanEva [140] 2009 40, 000 - 15
LSP [77] 2010 2, 000 - 14
TFD [147] 2010 112, 234 7 -
Cropped
SVHN [117]

2011 630, 420 10 -

LSP-extended [78] 2011 10, 000 - 14
FLIC [138] 2013 5, 003 - 10
FLIC-motion [70] 2015 5, 003 - 10
MPII human pose

[3]
2014 40, 522 - 16

Human3.6M [67] 2014 3.6" - 24
MPI-INF-3DHP

[112]
2017 1.3" - 24

Table 1. Common Benchmark datasets for Image Classification and Pose
Estimation from Images. The right columns indicate whether the data has
class or joint labels.

Dataset Year Trimmed Size
Average
Length
(sec.)

Classes

CCV [76] 2011 ✓ 9, 317 80 20
HMDB51
[46]

2011 ✓ 7, 000 ∼ 5 51

UCF101
[143]

2012 ✓ 13.3 ∼ 6 101

Sports-1M
[82]

2014 ✓ 1.1" ∼ 330 487

THUMOS14
[75]

2014 ✗ 5, 084 233 101

ActivityNet
[59]

2015 ✗ 9, 682 [300, 600] 203

Kinetics-400
[83]

2017 ✓ 306 10 400

Kinetics-600
[23]

2018 ✓ 482 10 600

Table 2. Common Video Benchmark Datasets



6 • Perez, M. et al.

Input 64 × 64 color image
5 × 5 conv. RELU. 2 × 2 MaxPool. R16×32×32

5 × 5 conv. RELU. 2 × 2 MaxPool. R32×16×16

5 × 5 conv. RELU. now R16×32×32. flatten to R8192

FC. RELU. R500

FC. RELU. R100

FC. logistic unit. R1

Table 3. Body Part Detector Architecture [69] for Human Pose Estimation

3.1 Pose Estimation from Images

2D Single-Person Pose Estimation

Detection-Based: One of the first pose estimation techniques to
apply a CNN was a two-stage filtering approach [69] for finding
joint positions. The first stage generates a binary response map for
each joint, applying multiple CNNs as sliding windows on overlap-
ping areas of an image. The response map is a unary distribution
representing the confidence of the joint’s presence over all pixel
positions. Denoising in the second stage removes false positives by
passing the CNN output through a higher-level spatial model with
body pose priors computed on the training set. Prior conditional
distributions for two joints (0,1) are calculated as a histogram of
joint 0 locations given that joint 1 is at the image center. Similarly,
a global position prior for the face is calculated using a histogram
of face positions. A process similar to sum-product belief propaga-
tion [126] generates the filtered distributions for each joint given
unary distributions produced by the CNNs and the prior condi-
tional distributions.
This non-linear mapping from pixels to vector representations of

articulated pose is challenging. Data loss during pooling, and high
numbers of invalid poses in the training data make valid poses dif-
ficult to learn. To avoid this, a performance improvement trained
multiple CNNs for independent binary joint detection, using one
network for each feature. Each CNN (shown in Table 3) has a single
output unit representing the probability of a joint being present in
the image patch. Results were evaluated on the FLIC [138] dataset,
which consists of images of Hollywood actors in front-facing poses.
The percentage of correct joint predictions within a given precision
radius (in pixels) is used as a quantitative metric for pose estima-
tion accuracy. The model outperformed state-of-the-art estimation
methods available at the time.
OpenPose uses a convolutional pose machine [170] to predict

keypoint coordinates, and part affinity fields to determine corre-
spondences between keypoints and subjects in the image. Convolu-
tional Pose Machines are a sequence of CNNs that produce increas-
ingly refined belief maps for estimating 2D pose, without a graph-
ical model. This design enforces intermediate supervision and lim-
its vanishing gradients. Transfer learning with pre-training on Im-
ageNet improves performance. Predefined rules are used to deter-
mine if pose features represent specific behaviors.

Regression-based:Human pose estimation may be formulated as
a continuous regression problem. DeepPose [155] regresses an im-
age to a normalized pose vector representing body joint locations.
The network input is (^ , ~), where ^ is a labeled image and ~ =

{..., ~)8 , ...}
) is the true pose vector. Each ~8 is the absolute image

coordinates of the 8th joint, where 8 ∈ {1, ..., :} and : is the number
of joints. Each joint position must be normalized with respect to a
bounding box, 1, centered around the human subject to produce a
normalized pose vector # (~;1) = (..., # (~8 ;1)) , ...)) .
TheDeepPose CNNarchitecturek is based onAlexNet [88].How-

ever, rather than formulate a classification problem, a linear regres-
sor is trained to learn the parameters ) of a functionk (^ ; ) ) ∈ R2:

such that an image ^ regresses to a pose prediction ~∗ in absolute
image coordinates:

~∗ = #−1(k (# (^);) )) (1)

The linear regressor is trained on the last network layer to pre-
dict a pose vector by minimizing the !2 distance between the pre-
diction and ground truth pose vector. The training set is first nor-
malized as explained, yielding the following optimization problem:

argmin
)

∑

(^,~) ∈�#

:∑

8=1

‖~8 −k8 ((^ , ) )‖
2
2, (2)

where �# is the normalized training set:

�# = {(# (^), # (~)) | (^ ,~) ∈ �)}. (3)

DeepPose CNNs operate on coarse scale images at a fixed resolu-
tion (220×220 pixels), making it difficult to analyze fine image detail
at the level required for precise joint localization. To address this,
a cascade of pose regressors was introduced after the first stage
to predict the displacement of the predicted joint locations (from
prior states) to the true joint locations. Relevant parts of the image
are targeted at higher resolutions for higher precision without in-
creasing computation costs. The model was evaluated on datasets
that include a variety of poses including the aforementioned FLIC
dataset [138], the Leeds Sports Poses dataset (LSP) [77] of athletes
participating in sports, and its extension [78]. Limb detection rates
evaluated using PCP and PDJ produced state-of-the-art or better
results on both metrics.

Joint Training with A Graphical Model: Hybrid methods that
combine multiresolution CNNs and joint training with graphical
models produce higher accuracy rates than DeepPose. These mod-
els address limitations with network capacity, overfitting, and in-
efficiencies caused by nonlinear mappings from image to vector
space. CNNs [176] that operate on multi-resolution input, can iden-
tify a broad range of feature sizes in a single forward pass by adapt-
ing the effective receptive field within CNN layers.
Tompson et. al. [154] combined a CNN with a Markov Random

Field, an undirected graph with Markov properties [115]. A multi-
resolution feature representation with overlapping receptive fields
was used to perform heat-map likelihood regression. Starting with
an input image, a sliding window CNN generates a per-pixel heat-
map of likelihoods for joint locations. The CNN was trained jointly
with a graphical model. In later stages, a spatial model predicts
which heat-maps contain false positives and incorrect poses. This is
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done by constraining joint inter-connectivity and enforcing global
pose consistency. The graph is learned implicitly without hand-
crafted pose priors or graph structure [69]. The results showed im-
proved accuracy compared to the previous state-of-the-art [69, 155]
in human body pose recognition using the FLIC and LSP-extended
datasets with PDJ as the evaluation metric.
A later extension [153] improved localization accuracy by recov-

ering the precision lost due to pooling. The input image was first
passed through a CNN for coarse-level pose estimation to produce
initial heat maps with per-pixel likelihoods of joint positions. The
heat-maps were then passed through a position refinement model
to refine the pose prediction. This modification outperformed the
previous state-of-the-art on the FLIC and MPII human pose [3]
benchmarks. The MPII human pose dataset is comprised of 24, 520
images of humans performing everyday activities collected from
YouTube videos. This method outperformed previous state-of-the-
art pose estimationmethods [69, 154, 155] on the FLIC dataset using
PCK scores. Another method uses aGraphicalModel with Image De-

pendent Pairwise Relations [26] to generate input for both the unary
and pairwise terms from image patches. Experiments performed on
the FLIC and LSP datasets showed that this formulation improves
upon DeepPose according to multiple metrics.

2D Multi-Person

There are additional challenges with pose estimation when mul-
tiple subjects interact in a video. Most early strategies for multi-
person pose estimation used a two-stage inference process to first
detect and then independently estimate poses.However, thismethod
is less effective when multiple people have overlapping body parts
because the same body part candidates are often assigned to multi-
ple people.
A proposed solution, DeepCut [133], casts the joint detection

and pose estimation problems as integer linear programs. Deep-
Cut’s formulation is a Joint Subset Partitioning and Labeling Prob-
lem (SPLP) that jointly infers the number of people and poses, the
spatial proximity, and areas of occlusion. The solution jointly es-
timates the poses of all people in an image by minimizing a joint
objective. A set of joint candidates is partitioned and labeled into
subsets that correspond tomutually consistent joint candidates that
satisfy certain constraints. Even though the problem is NP-hard,
this formulation allows feasible solutions to be computed within
a certain optimality gap. DeepCut adapts two CNN architectures,
Fast R-CNN [48] and VGGNet [142], to generate body part can-
didates. Significant improvement was shown over previous meth-
ods [26, 153, 154] for both single and multi-person pose estimation
according to multiple evaluation metrics on the LSP, LSP-extended,
and MPII human pose datasets.
DeeperCut [66] doubled the pose estimation accuracy of Deep-

Cut while reducing the running time by 2-3 orders of magnitude.
Contributions included novel image conditioned pairwise terms be-
tween body parts that improved performance for images with mul-
tiple people, and a novel optimization method that decreased run-
timewhile improving pose estimation accuracy. DeeperCut adapted
ResNet [58], which is 8× deeper than VGGNet. Experiments were
conducted on both single andmultiple person human pose datasets:

LSP, LSP-extended, and MPII using the PCK evaluation metric. Re-
sults yielded a new state-of-the-art in multi-person 2D pose estima-
tion.

3D Pose Estimation

Estimating a 3D human pose from a single RGB image is a chal-
lenging problem in computer vision because it requires solving two
ambiguous tasks [152]. The first task is finding the 2D location of
human joints in the image. This is hard due to different camera
viewpoints, occlusions, complex body shapes, and varying illumina-
tion. The second, converting the coordinates of 2D landmarks into
3D coordinates, is an ill-posed problem that requires additional in-
formation such as 3D geometric priors and other constraints. Meth-
ods for 3D pose inference from images either regress the 3D pose
directly from images, or first estimate the 2D pose and then lift the
coordinates into 3D using a pipeline approach. Three-dimensional
human pose estimation approaches presented in the remainder of
this subsection are single-view/single-person.

Regression-based: CNNs can directly regress 3D poses from im-
ages. One method, 3D Human Pose Estimation from Monocular Im-

ages [96], jointly trains the pose regression task with a set of recog-
nition tasks in a heterogeneousmulti-task learning framework. The
network was pre-trained using the recognition tasks, then refined
using only the pose regression task. AMaximum-Margin Structured

Learning technique [98] takes an image and a 3D pose as input, and
produces a score that indicates whether the pose is depicted. Dur-
ing training a maximum-margin cost function is used to enforce
a re-scaling margin between the score values of the ground truth
image-pose pair and the rest of the pairs. The results showed im-
proved performance. Overcomplete autoencoders [19] have been
used to learn a high-dimensional latent pose representation. This
method accounts for joint dependencies that predict 3D human
poses from monocular images. The problem was also posed as a
key point localization problem in a discretized 3D space [125]. In
this case, a CNN is trained to predict per voxel likelihoods for each
joint in the volume.
At the time, among pipeline approaches, it was unclear whether

the remaining error in state-of-the-art methods was due to a lim-
ited 2D pose understanding, or from a failure tomap 2D poses to 3D
positions. To better understand the sources of error, the 3D human
pose estimation problem was decoupled into the well-studied prob-
lems of 2D pose estimation from images and 3D pose estimation
from 2D joint detections.

2D to 3DLifting:By focusing on the latter problem, ground truth 2D
joint locations can be lifted to 3D space using a relatively simple
deep CNN. This yielded state-of-the-art results on the Human3.6M
dataset [67] which consists of 3.6 million 3D human poses. The
findings indicated that the remaining error in pipeline approaches
for 3D pose estimation techniques stem from 2D pose analysis. An-
other pipeline approach [152] used a pre-learned 3D human pose
model as part of the CNNarchitecture itself. The architecture learned
to use physically plausible 3D reconstructions in its search for bet-
ter 2D landmark locations. The process obtained state-of-the-art 2D
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and 3D results on Human3.6M, and demonstrated the importance
of considering 3D, even when solving 2D pose estimation problems.

Generalization to in-the-wild conditions: The previous pose es-
timation methods had low generalization to in-the-wild conditions.

Method Year 2D/3D Key Contribution(s)

[69] 2014 2D
• The development of a deep CNN architecture to learn low-level features and a higher-level
spatial model.

[154] 2014 2D
• The development of a hybrid architecture that incorporates a deep CNN and a Markov Random
Field that can exploit geometric constraints between body joint locations.

[26] 2014 2D

• The development of a graphical model that uses pairwise relations to exploit how local image
measurements can be used to predict joint locations and relationships.

• The use of a deep CNN to learn conditional probabilities for the presence of joints and their
spatial relationships in image patches.

[96] 2015 3D
• The application of a deep CNN to 3D pose estimation from monocular images.
• The joint training of pose regression and body part detectors.

[131] 2015 2D
• The use of a deep CNN for estimating human pose in videos.
• The use of temporal information between frames to improve performance.

DeepPose
[155]

2014 2D
• The formulation of human pose estimation as a deep CNN-based regression problem.
• The use of a cascade of regressors to increase precision.

MoDeep
[70]

2015 2D
• The use of motion features for human pose estimation.

[153] 2015 2D
• The introduction of a position refinement model that is trained to estimate the joint offset loca-
tion in a local image region in order to improve joint localization accuracy.

DeepCut
[133]

2016 2D

• The development of a partitioning and labeling formulation of body-part predictions produced
by CNN-based joint detectors.

• This formulation infers the number people in images, identifies occlusions, and differentiates
between overlapping body parts of nearby people.

[98] 2017 3D
• The modeling of dependencies between joints using a max-margin structured learning frame-
work for monocular 3D pose estimation.

[19] 2016 3D
• The use of an overcomplete autoencoder for monocular 3D pose estimation that learns a latent
pose representation and models joint dependencies.

[151] 2016 3D
• The use of motion information from video clips for 3D pose estimation and the direct regression
from clips to pose in the center frame.

[125] 2017 3D
• The discretization of 3D space around a subject for monocular 3D pose estimation.
• The use of a CNN to predict per voxel likelihoods for each joint.

DeeperCut
[66]

2016 2D

• The design of very deep body part detectors by building upon the ResNet architecture.
• The use of image conditioned pairwise terms between body parts to improve performance for
images with multiple people.

• The development of an incremental optimization procedure that leads to speed and performance
boosts.

Table 4. Summary of Pose Estimation Approaches
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CNN
Arch.

Method Year
Classification
Accuracy

Key Contribution(s)

2D

Slow Fusion
[82] 2014 65.4%

• The release of the Sports-1M dataset.
• The evaluation of CNNs for video classification and the development of
slow fusion, late fusion, and early fusion.

T
w
o-
St
re
am Two-Stream

CNN [141]
2014 88.0%

• The development of the two-stream architecture that incorporates spa-
tial and temporal networks.

• The usage of optical flow to model movement in videos for action recog-
nition.

MotionNet
[180]

2019 89.82%
• The development of the MotionNet CNN that implicitly calculates opti-
cal flow between frames as a part of a two-stream architecture.

3D C3D [156] 2015 86.7%
• The development of an 8-layer 3D CNN that operates over 16 frames
and uses filters of size 3 × 3 × 3.

'(2 + 1)� [157] 2018 97.3%
• The factorization of 3D convolution into 2D spatial convolution fol-
lowed by 1D temporal convolution.

T
w
o-
St
re
am

/3
D Two-Stream

CNN Fusion
[41]

2016 93.5%
• The development of a two-stream architecture that uses 3D convolu-
tional fusion and 3D pooling.

I3D [24] 2017 98.0%

• The usage of the Kinetics-400 dataset [24].
• The development of two-stream inflated 3DCNNs that expand the filters
and pooling kernels of very deep image CNNs into 3D.

Table 5. Summary of Discriminative Action Recognition Approaches and their Performance on UCF101 [143]

This is due to inherent limitations in the training datasets. AMonoc-

ular 3D Human Pose Estimation method [112] used transfer learn-
ing to leverage the mid and high-level features learned on exist-
ing 2D and 3D pose datasets, yielding improved performance. State-
of-the-art results were obtained on the Human3.6M dataset and the
HumanEva pose estimation benchmark, [140]. A new benchmark
dataset, MPI-INF-3DHP [112], of indoor and outdoor scenes was
presented. Transfer learning withMPI-INF-3DHP and 2D pose data
yielded the best generalization to in-the-wild conditions, confirm-
ing that transfer learning is beneficial for 3D pose estimation.

3.2 Human Pose Estimation from Video

Human pose estimation approaches that operate on videos handle
temporal information using techniques similar to those we cover
in our discussion of human action recognition methods (Section 4).
CNNs used for action recognition initially incorporated temporal
information using optical flow [18] as an inputmotion feature [141]
to a two-stream network architecture (Sections 1.1 and 4). An op-
tical flow [18] (shown in Figure 3), is a set of displacement vector
fields dt between pairs of consecutive frames C and C + 1. Figure 3

(top row) shows an example of the optical flow between two con-
secutive frames in a video of a person diving. Figure 3 (bottom row)
shows a mouse walking.
Two 2D single-view/single-person pose estimation methods [69,

131], one that is detection-based and another that is regression-
based, extended this idea using optical-flow maps from multiple
nearby frames to predict the pose in the current frame. In a related
work, Flowing ConvNets for Human Pose Estimation [130], when per-
forming inference for one frame, joint positions for all neighboring
frames are explicitly predicted and aligned to the corresponding
frames. This is done using a dense optical flow to warp backward
or forward in time. Evaluation performed on three large pose esti-
mation datasets showed that this method outperforms the previous
state-of-the-art.
MoDeep [70], and similar variants [131], improved upon Deep-

Pose by exploiting motion as a cue for body part localization. This
single-view/single-person method uses optical flow and color from
multiple nearby frames as input to a multi-resolution CNN. The
multi-resolution CNN was designed for estimating a human’s pose
in a video given an image and a set of motion features. Accuracy
in high-precision regions was improved (compared to DeepPose)
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by incorporatingmotion features, and using a translation-invariant
model. Optical flow was one of several formulations considered.
The FLIC-motion [70] dataset which consists of the original FLIC
dataset [138] augmented with motion features, was created. MoD-
eep performed best on FLIC-motion compared to other state-of-
the-art pose estimation methods. A related technique by Tekin et.
al. [19] extended a CNN architecture for pose estimation on still
images [151] to operate on video. It included temporal information
in the joint predictions by extracting spatio-temporal information
from a sequence of frames.

4 HUMAN ACTION RECOGNITION

Now that we have introduced CNN-based pose estimation tech-
niques, we turn our attention to action recognition methods that
track motion across video frames. Figure 4 illustrates the CNN ar-
chitectures discussed in this section in green. Rectangles denote ar-
chitecture categories and rounded rectangles denote architectures.
Architecture we discuss have been extended for animal behavior
classification systems (shown in brown), that we review in Sec-
tion 5.
StandardActionRecognitionMethods extract features, sparse

[100] or dense [167] spatio-temporal interest points, for example,
and then track their displacement through frame sequences using
techniques like optical flow. ImprovedDense Trajectories (iDT) [168]
is an example that represents motion as feature trajectories, fixed-
sized descriptors computed along the paths of feature points. In
this case, quantization using a k-means dictionary [89] is used to
combine features. A sparse vector with stored occurrence counts of
a vocabulary of local image features (bag of visual words), is then
accumulated across the video. A support vector machine (SVM), or
other classifier, is trained to classify the bag of visual words to dis-
criminate video-level classes.
CNN-Based Temporal Learning:Modern deep learning meth-

ods use neural networks to detect spatio-temporal features. In our
survey, we focus on CNN-based examples. While images can be
scaled and cropped, and are easily processedwith fixed-sizedCNNs,
videos are difficult to work with because they vary in temporal
content. According to Karpathy et. al. [82], compared to traditional
machine learning approaches for action recognition [100, 167, 168],
CNN-based solutions shift the engineering from feature design and
extraction, to network architecture design and hyperparameter tun-
ing.
We begin with a seminal paper by Karpathy et. al. [82] that ex-

tended the connectivity of a CNN to operate in the temporal do-
main for video classification. The solution treats the input data as a
bag of fixed-sized clips where one hundred half-second clips were
randomly sampled from each video. Fusion operations are then
used to extend the CNNs over the time dimension so that they oper-
ate on multiple frames and have the ability to learn spatiotemporal
features from the clips. The team proposed three novel CNN con-
nectivity patterns to fuse temporal information: Late fusion places
two single-frame networks some time apart, then fuses their out-
puts later. Early fusion modifies the first layer to use a convolu-
tional filter that extends in time. Slow fusion is a balance between

t t+1 Optical Flow

t t+1 Optical Flow

Fig. 3. (top row) Two consecutive frames and a close-up from a video of
a person diving from the UCF101 [143]. (bo�om row) Two consecutive
frames and a close-up from a video of a mouse with a close-up from a pub-
lished [72] animal behavior dataset. In each case, optical flow between the
frames was calculated using MATLAB and superimposed on the second
frame and close-up.

early and late fusion (Figure 5). A baseline single-frame architec-
ture was also used to analyze the contribution of static appearance
to classification accuracy.

Two-Stream Approaches 3D CNNs

Pre-Compute Optical Flow

Two-Stream CNN

(2014)

CNN-Based Action 

Recognition Architectures

R(2+1)D

(2018)

I3D

(2017)

C3D

(2015)
Two-Stream CNN Fusion

(2016)

MFNet for RBR

(2020)

Multi-Fiber Network

(2018)

Recurrent 3D CNN for RBR

(2019)

Applying DL Models to RBR

(2019)

Learn Optical Flow

DeepEthogram

(2021)

Hidden Two-Stream CNN

(2018)

Fig. 4. CNN-based Action Recognition Architectures for Human Actions
(green) and Animal Behavior Classification (brown). Rectangles denote ar-
chitecture categories and rounded rectangles denote architectures.

High volume video datasets with high class variation are essen-
tial for training and testing these new architectures. The largest
video datasets available at the time were CCV [76] which contains
9, 317 videos and 20 classes, and UCF101 [143]which contains 13, 320
videos and 101 classes. Though effective for generating early ac-
tion recognition benchmarks, the scale and variety of these video
datasets were not equivalent to large image datasets like ImageNet
[36] (Section 2). To address this issue, the paper introduced a new
benchmark action recognition dataset, the Sports-1M dataset [82]
with one million trimmed YouTube videos belonging to 487 classes
of sports. Each video is five minutes and 36 seconds long on aver-
age. One hundred half-second clips were randomly sampled from
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each video in the Sports-1M dataset. To produce video-level predic-
tions, 20 clips from a video were randomly sampled and presented
to each CNN individually and class predictions for each clip were
averaged.

Fig. 5. Approaches [82] tested for fusing information in the temporal do-
main. Red, green, blue, and yellow layers denote convolution, normaliza-
tion, pooling, and fully connected layers, respectively. Zoom in to see de-
tails. Adapted from [82].

Slow fusion was the best fusion method for video classification
on Sports-1M. Interestingly, the single-frame connectivity pattern
performed similarly to the other patterns, which showed that learn-
ing from a series of frames showed no improvement compared to
learning from a static image. The CNN’s learned feature represen-
tation trained on Sports-1M was shown to generalize to different
action classes and datasets. One transfer learning experiment using
UCF101 compared the accuracy of training the CNN from scratch
with the accuracies of fine-tuning the top layer, top three layers,
and all layers. Fine-tuning the top three layers performed the best,
demonstrating that the layers near the top learn dataset-specific
features and the lower layers learn more generic features.
Two-streamCNNs [141] capturemotion by decomposing videos

into a spatial component, which has information about objects and
scenes, and a temporal component, which describes the movement
of objects and the camera. This approach is based on the two-streams
hypothesis from neuroscience [50] which posits that the human vi-
sual cortex has a ventral stream that performs object recognition,
and a dorsal stream that recognizes motion.
The authors of a new two-stream CNN approach [141] for video

classification suggested that features learned through slow fusion
in the prior example [82] are not optimal for capturing motion be-
cause there is no significant difference between CNN performance
on static images, and CNN performance using fusion. In addition,
slow fusion was 20% less accurate than the best trajectory-based
shallow representation at the time [127]. The team proposed a solu-
tion that combined spatial and temporal recognition streams using

late fusion. The temporal stream input is formed by stacking the
optical flow displacement fields between a sequence of consecutive
frames. Two input configurations were considered. One method
does not sample optical flow at the same location across frames,
but instead samples the optical flow along the motion trajectories.
The other, more successful option, treats the horizontal and vertical
components of the optical flow vector field dxt and d

y
t , respectively,

at frame C , as image channels. The optical flow channels of ! con-
secutive frames are stacked to form 2! input channels. The CNN
input volume �g ∈ RF×ℎ×2! for a frame g is defined as:

�g (D, E, 2: − 1) = 3G
g+:−1 (D, E), (4)

�g (D, E, 2:) = 3
~

g+:−1
(D, E),

where F and ℎ are the width and height of the video, and the dis-
placement vector at point (D, E) in frame C is dt (D, E) withD = [1;F]
and E = [1;ℎ]. The frame and channel indices are : = [1;!] and
2 = [1; 2!], respectively. The channels �g (D, E, 2) represent the hor-
izontal and vertical components of motion of a point (D, E) over
! frames. From each displacement field d , the mean vector is sub-
tracted to perform zero-centering of the network input so that the
optical flow between frames is not dominated by a particular dis-
placement caused by camera motion.
This method was evaluated using two datasets: UCF101 and the

Human Motion Database (HMDB51) [46]. HMDB51 has 6, 766 la-
beled video clips with 51 classes. The spatial stream CNN was pre-
trained on ImageNet. The best performance was recorded when
stacking ! = 10 horizontal and vertical flow fields and using mean
subtraction. This method is not end-to-end trainable because a pre-
processing step is required to compute optical flow [18] before train-
ing. The results established a new state-of-the-art for action recog-
nition.
Even with these improvements, two challenges remained. Two

stream approaches developed thus far did not leverage correspon-
dences between spatial cues and temporal cues (optical flow) in
videos because fusion is only applied to classification scores. They
also had a restricted temporal scale because the temporal CNN op-
erates on a stack of ! consecutive optical flow frames. An improved
two-stream architecture by Feichtenhofer et. al. [41] addresses these
issues by fusing spatial and temporal information more effectively
across different levels of feature abstraction granularity. For exam-
ple, the system fuses components like motion (recognized by the
temporal network), and location (recognized by the spatial network)
to discriminate between actions like brushing teeth and brushing
hair. The network is not able to distinguish between these actions
when motion or location information is considered separately. The
architecture was able to fuse the spatial and temporal networks so
that temporal and spatial features correspond (spatial registration).
The second limitation is addressed by capturing short-scale optical
flow features using the temporal network and putting the features
into context over a longer temporal scale at a higher layer.
Fusion functions can be applied at different points in a traditional

or two-stream CNN network to implement the fusion approaches
we have described. For two feature maps x0C ∈ R�×,×� and x1C ∈

R
� ′×, ′×�′

at time C , a fusion function 5 : x0C , x
1
C → ~C produces

an output feature map ~C ∈ R�
′′×, ′′×�′′

, where � ,, and � are
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the height, width and number of channels. The one constraint is
that x0C and x1C have the same spatial dimensions, so we assume
� = � ′

= � ′′,, =, ′
=, ′′, � = � ′.

The following functions were proposed to register correspond-
ing pixels in the spatial and temporal stream networks. Sum fu-

sion computes the sum of the feature maps at the same spatial
locations and channels. Max fusion computes the maximum of
the feature maps. Concatenation fusion stacks the feature maps
at the same spatial locations across different channels using Equa-
tion 5, where ~ = R

�×,×2� . Convolutional fusion first stacks
the feature maps using concatenation fusion, then convolves the
stacked data with a bank of filters f ∈ R1×1×2�×� accounting for
biases 1 ∈ R� . When used as a trainable filter kernel, f learns cor-
respondences of feature maps that minimize a joint loss function.
We include the formulation for convolutional fusion in Equation 6
(with the intermediate concatenation step Equation 5) as it has been
found to be the most effective of these fusion methods.

~20C
8, 9,23 = G0

8,9,3
~20C
8, 9,23−1 = G

1
8,9,3

(5)

~2>=E = ~20C ∗ f + 1. (6)

Bilinear fusion computes a matrix outer product of the feature
maps at each pixel, then performs a summation over the pixels. The
result captures multiplicative interactions between pixels in a high
dimensional space. For this reason, in practice, bilinear fusion is ap-
plied after the fifth ReLU activation function and fully connected
layers are removed. Ultimately each channel of the spatial network
is combined multiplicatively with each channel of the temporal net-
work.

As previously mentioned, convolution fusion was the best ap-
proach. When evaluating this fusion method, it was determined
that additional computation speed-ups could be achieved by first
combining feature maps over time using pooling methods before
convolving with the filter bank. This effectively reduced the pa-
rameter space by reducing the feature map size. Two pooling sce-
narios were considered. Network predictions were averaged over
time (2D pooling), or max pooling was applied to stacked data in
a 3D cube ( 3D pooling). Three-dimensional pooling increased per-
formance more than 2D pooling. The network was fused spatially
and truncated after the fourth convolutional layer to find a bal-
ance between maximizing classification accuracy and minimizing
the total number of parameters. The fused architecture showed im-
provement upon previous state-of-the-art action recognition meth-
ods [141, 156] on UCF101 and HMDB51.
Another challenge with two-stream approaches developed thus

far, is the increased time and storage requirements due to their re-
liance on pre-computed optical flow before CNN training [141].Mo-
tionNet [180] introduced new time and storage efficiencies with a
CNN that produced optical flow from video clips on-the-fly. The re-
sults were similar to the optical flow generated by one of the best
traditional methods [174]. Optical flow estimation was framed as
an image reconstruction problem. Using two consecutive frames
O1 and O2 as input, MotionNet generated a flow field \ which was
used with O2 to create a reconstructed frame O ′1 using the inverse
warping function [68].

MotionNet aims to minimize the photometric error between O1
and O ′1 . Assuming O1 and O ′1 are related by a parametric transforma-
tion, the minimization function finds the parameters of the trans-
formation p that minimize the squared intensity error:

argmin
p

∑

u∈U1

1

2
‖O1 (u) − O ′1 (F (u;p))‖2 (7)

where u ∈ U1 is a subset of pixel coordinates in image O1 and F
is the warping function [7]. Traditionally the Lucas-Kanade algo-
rithm [7, 102] solves Equation 7 and is used to calculate optical
flow. MotionNet produces optical flow using three novel unsuper-
vised loss functions which we describe below.

A pixelwise reconstructionerror function is used tomeasure
the difference in pixel values between the frames:

!?8G4; =
1

ℎF

ℎ∑

8

F∑

9

d (O1 (8, 9) − O2 (8 + \G8, 9 , 9 + \
~
8,9 )) (8)

where ℎ and F are the height and width of images O1 and O2. The
horizontal and vertical components of the estimated optical flow
are denoted as \G and \ ~ . The term d (G) = (G2 + n2)U denotes the
generalized Charbonnier loss function which is a differentiable ver-
sion of the!1 norm used to decrease the influence of outliers, where
n determines how closely it resembles the !1 norm. The arbitrary
power U is non-convex when U < 0.5.
A smoothness loss function resolves ambiguities that occur

when estimating motion in non-textured local regions (aperture
problem). It is difficult to detect motion on local image patches us-
ing convolution if patches are not textured. Let ∇\

~
G and ∇\

~
~ be

the gradients of the vertical component of the estimated flow field,
and ∇\GG and ∇\G~ be the gradients of the horizontal component.
Smoothness loss is defined as:

!B<>>Cℎ = d (∇+G
G ) + d (∇+

G
~ ) + d (∇+

~
G ) + d (∇+

~
~ ) (9)

The structural similarity loss functionhelps the network learn
frame structure. A sliding window approach is used to partition O1
and O ′1 into local patches for comparison. Let # denote the num-
ber of patches that can be extracted from the image using a sliding
window with stride 8, let = denote the patch index, and let �1= and
� ′1= denote two image patches from the original image �1 and its
reconstruction � ′1:

!BB8< =

1

#

#∑

=

(1 − ((�" (O1=, O
′
1=)), (10)

where SSIM measures the perceptual quality of frames computed
as:

((�" (O?1, O?2) =
(2`?1`?2 + 21)(2f?1?2 + 22)

(`2?1 + `
2
?2 + 21)(f

2
?1 + f

2
?2 + 22)

. (11)

SSIM determines the average dissimilarity between images by ex-
amining the means `?1 and `?2, variances f?1 and f?2, and covari-
ance f?1?2 of the pairs of image patches. Two constants 21, and 22
are used to stabilize the division.
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Loss was computed at each scale B as a weighted sum of the three
loss functions, where _1, _2, and _3 weigh the importance of each
loss function:

!B = _1!?8G4; + _2!B<>>Cℎ + _3!BB8< (12)

MotionNet was combined with a temporal stream CNN which
learned to map the generated optical flow to class labels for action
recognition. Two methods for combining models were explored.
Stacking simply concatenated the two networks with MotionNet
placed in front. Branching used a single network for optical flow
extraction and action classification, and then shared features be-
tween the two tasks. Stacking proved more space efficient than
branching. Multiple strategies were explored for fine-tuning the
stacked CNN for action recognition. The strategy with the highest
performance fine-tuned both networks (MotionNet and the tempo-
ral CNN) utilizing all three loss functions. Long-term motion de-
pendencies were represented using a sequence of 11 frames which
yielded multiple (10) optical flow fields.
The proposedmethod [180] outperformed real-time action recog-

nition methods at the time ( [37, 80, 119, 156, 169, 175]) on four
benchmarks datasets; UCF101, HMDB51, THUMOS14 [75], and Ac-
tivityNet [59]. THUMOS14 and ActivityNet are large datasets of
long, untrimmed videos. MotionNet was shown to be flexible as it
may be concatenated to deeper CNN architectures to improve their
recognition accuracy. Such frameworks are still real-time due to the
on-the-fly optical flow calculation.

3D CNNs use spatio-temporal convolutions that model both
spatial structure and temporal information in sequences. They op-
erate on the premise that 3D convolutions preserve temporal infor-
mation from input signals while 2D convolutions collapse temporal
information.
C3D [156] is a 3D CNN that achieved a new state-of-the-art in

object recognition and scene classification in videos. The approach
found that the homogenous setting of 3× 3× 3 kernels in all convo-
lutional layers is the best option for 3D CNNs which is consistent
with VGGNet (Figure 6, right). The architecture has 8 convolutional
layers with 3× 3× 3 convolutional filters, 5 max pooling layers and
2 fully connected layers followed by a softmax output layer. Pool-
ing layers are 2 × 2 × 2, except for the first layer which is 1 × 2 × 2
to help preserve temporal information. The stride is 1 for pooling
and convolution. Video clips each consisting of 16 frames were the
network inputs. The architecture was designed to be as deep as pos-
sible while accounting for training on a large dataset, GPUmemory,
and computation affordability.
The C3Dnetwork is trained from scratch on the Sports-1Mdataset.

The trained network was used as a feature extractor for different
tasks including action recognition on UCF-101, action similarity
labeling, scene and object recognition. The learned features were
evaluated for action recognition and showed 5% improvement com-
pared to slow fusion [82] . Evaluation on UCF101 produced an 11%
improvement over the slow fusion model [82] for action recogni-
tion.
Three-dimensional CNNs like C3D have several advantages. The

performance of C3Dwas similar to the original two-stream approach
[141], but with a lower runtime. C3D does not use optical flow as

Fig. 6. Two-Stream Video Classification Architecture (le�) [141] and C3D
Architecture (right) [156]. Red, green, blue, and yellow layers denote con-
volution, normalization, pooling, and fully connected layers, respectively.
Zoom in to see details. Adapted from [141] and [156].

input like the two-stream architecture [141] does, and instead ex-
tracts motion features directly from videos. There are still some
drawbacks. Three-dimensional CNNs are harder to train than 2D
CNNs because they have many more parameters from the extra fil-
ter dimension. In addition, C3D did not benefit from performance
improvements from ImageNet pre-training [36] because it is a rel-
atively shallow architecture trained from scratch.
A novel two-stream Inflated [83] 3D CNN, I3D [24], improved

upon the previous state-of-the-art in action recognition [41, 141,
156] by inflating 2DCNN image classificationmodels into 3DCNNs.
This inflation process adds a temporal dimension to the filters and
pooling kernels in a 2D CNN.
Transfer Learning on Video Datasets: Originally, it was un-

clear whether transfer learning was as useful for videos. A new
dataset, the Kinetics-400 Human Action Video Dataset [83], was
collected to evaluate this. This dataset contains about 306, 245 videos
that correspond to 400 human action classes, with over 400 clips
for each class. The dataset is split into training, test and valida-
tion sets. Several architectures including the original two-stream
approach [141], C3D [156], the 3D fused two-stream approach [41],
and I3D [24], were compared by first pre-training on the Kinetics-
400 dataset, then fine-tuning on HMDB51 and UCF101. The differ-
ence between the performances of the best deep network, I3D [24],
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and the best hand-crafted approach, iDT [168], for video action
recognition was smaller than the difference between that of the
best deep learning-based and hand-crafted image recognition ap-
proaches. Additionally, a 2D CNN applied to individual frames of a
video performed comparably to I3D on the Sports-1M dataset. This
work [24] demonstrated that there is considerable benefit to trans-
fer learning in videos. Kinetics-600 [23], the second iteration of
the Kinetics dataset contains about 500, 000 10-second long videos
sourced from YouTube that correspond to 600 classes.
The aforementioned transfer learning results inspired a subse-

quent work [157] that reconsidered 3D CNNs in the context of
residual learning. ResNets use skip connections to speed up net-
work learning and permit substantially deeper networks that can
learn more complex functions. 3D ResNets have additional dimen-
sions, 3D convolutions and 3D pooling. Three-dimensional ResNets
outperformed 2D ResNets in action recognition. The team also in-
vestigated several forms of spatio-temporal convolution: 2D convo-
lution on frames, 2D convolution on clips, 3D convolution, 2D-3D
convolution, and a factorization of 3D convolution into 2D spatial
convolution followed by 1D temporal convolution ('(2+1)� convo-
lution). Using '(2+1)� convolution doubled the number of nonlin-
earities in the network. This facilitated gradient optimization and
enabled more complex function representations. During evaluation
experiments, the '(2 + 1)� convolutional block achieved state-of-
the-art accuracy on the Kinetics-400 and Sports-1M datasets. The
team also investigated whether the model supported transfer learn-
ing by pre-training on Kinetics-400 and Sports-1M and then fine-
tuning on UCF101 and HMDB51. In the transfer learning experi-
ment '(2 + 1)� outperformed all other methods except for I3D,
which uses Kinetics-400 and ImageNet for pre-training. Table 5
summarizes the action recognition approaches discussed in this sec-
tion, and their performance on UCF101.
Improving Computational Cost of 3D CNNs: MF-Net uses an
ensemble of lightweight networks (fibers) instead of one complex
network to improve performance while reducing computation cost.
The 3D Multi-Fiber architecture was designed for human action
recognition and achieved better accuracy on Kinetics-400, UCF101,
and HMDB51 compared to other 3D CNNs like �3� [24] and '(2 +
1)� [157] while using fewer FLOPs.

5 ANIMAL BEHAVIOR CLASSIFICATION

This section reviews adaptations of the learning models presented
in Sections 3 and 4 for animal behavior classification. We focus on
models that analyze small laboratory animals in neuroscience. Fig-
ure 1 gives a graphical overview of the classification frameworks,
pose estimation and tracking methods organized by the CNN net-
works they use. Figure 4 shows the relationship of several animal
classification approaches to spatio-temporal infrastructures for hu-
man action recognition. Figure 7 shows the relationship of tech-
niques reviewed in this section to human action recognition and hu-
man pose estimation methods. We include systems that are signifi-
cantly different so that important developments in the underlying
deep learning architectures are represented. We also indicate vali-
dation animal types, social interaction support, and whether depth

cameras are required. Optical flow methods are identified. Human
pose estimation taxonomy categories [177] (Section 3) are shown.
We begin with background information on manual scoring for

labeling videos, with a brief overview of the challenges with tradi-
tional vision approaches that lead to breakthroughs in deep learning-
based classification solutions. In Sections 5.1 and 5.2, we review ani-
mal pose estimation as many frameworks require a pose estimation
before presenting our taxonomy for organizing these frameworks
in Section 5.4.
Manual Behavior Scoring: Quantification of animal behavior

is important in ethology and behavioral neuroscience [55]. How-
ever, it is well known thatmanual scoring of animal behavior videos
is time-intensive, costly, and subjective [55]. Subtle fine-level be-
haviors may go undetected as behaviors must be pre-defined [135].
Manual behavioral scoring is also subject to human bias as results
can vary between different research labs and between researchers
within the same lab [14, 55, 139].Moreover, individual scorers them-
selves may drift over time as they gain experience [86]. Thus, scor-
ing by the same individual may change across different sessions.
TraditionalMethods use automated software to facilitate man-

ual behavior scoring. There are several challenges with the applica-
tion of these methods across research labs. Early automated meth-
ods often relied on specialized equipment like depth cameras [172]
which may be costly or require expertise to operate. Some methods
require that markers are placed on animals [108] for motion track-
ing. The use of markers is less desirable because they can be intru-
sive, and their locations must be determined a priori. Markers can
also distract the animal in a way that alters its behavior and skews
experimental results. It is common for traditional systems to use
older computer vision processing techniques [34] without incorpo-
rating neural networks. These methods require supervision in the
form of pre-selected labels specified by the researcher. They also re-
quire highly controlled laboratory environments and have limited
ability to track multiple animals. Commercial software and other
solutions that do not offer publicly available open-source code are
harder to reuse and adapt for different experiments.
ThePromise ofDeepLearning Solutions:Deep learningmeth-

ods are better suited for these problems [54, 116] as they permit
multiple unmarked animals to be tracked in almost any context,
including in-the-wild. These techniques are widely applicable be-
cause they generally operate using RGB cameras and are often de-
veloped as open-source platforms. Some open-source solutions out-
perform commercial software with added flexibility for customiza-
tion which can facilitate adoption. Pose-based approaches are rel-
atively subjective and may not generalize across labs and experi-
ments if animals vary in size or camera frame rates are different [61].
Approaches that classify behavior directly from raw pixel values
without estimating pose mitigate this issue and simplify the behav-
ior classification pipeline [14]. Data dependent factors make sys-
tems difficult to generalize pipelines(frame-rate, intensities) [10].
We now review several deep learning algorithms that have led to
advancements in behavior analysis in neuroscience.
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5.1 2D Animal Pose Estimation

This section reviews CNNnetwork architectures for 2D animal pose
estimation that leverage methods discussed in Sections 3 and 4. We
cover 3D techniques in the next section. Table 8 summarizes the
key contributions of 2D and 3D animal pose estimation methods,
indicating validation animal types, method type, and the number
of cameras required. Coarse level supervision is indicated (pink:
supervised, blue: unsupervised). Common animal behavior video
datasets are found in Table 6.
An early deep learning-based approach for 2D animal pose [172]

classified sub-second structure inmice behavior using unsupervised
learning. The approach first compressed videos of freely moving
mice using principal component analysis (PCA). It then used an
auto regressive hidden Markov model to segment the compressed
representation into discrete behavioral syllables, identifiable mod-
ules (like grooming and rearing) whose sequence is governed by
definable transition statistics. The technique requires special depth
cameras. These are limiting because they may not detect very small
laboratory animals and reconstructing full 3D poses is challenging
without multiple camera viewpoints.

DeepLabCut [108] was the first tool to extend human pose es-
timation techniques to the animal pose estimation problem [109].
The approach modified the feature detector architecture in Deeper-
Cut [66] which builds upon ResNet (Section 3.1 and Figure 1). The
toolkit tracks multiple animals’ 3D poses in 2D images. Camera
calibration with one or more cameras is used to find 3D keypoint
locations. DeepLabCut requires 200 labeled frames because it uses a
model pretrained on ImageNet. Multi-animal DeepLabCut [90] ex-
tends DeepLabCut to the multi-animal setting. The authors achieve
this by adopting aspects of three CNN architectures [22, 58, 150]
and using a transformer [95, 181] architecture to reidentify animals
when they leave the field of view.

LEAP [128] was designed to estimate poses in videos of indi-
vidual mice and fruit flies. It adapts three CNNs originally devel-
oped for human pose estimation [118, 154, 170] into a fully convo-
lutional architecture that predicts heat-maps for body parts from
frames. The solution uses an active learning (Section 2) approach
that requires at least 10 labeled frames. Two-dimensional pose is es-
timated at each time step. A spectrogram is computed for the time-
series of each joint using a continuous wavelet transform. Spectro-
grams are then concatenated and embedded in a 2D manifold (be-
havior space) where each video is represented as a feature vector
that captures 2D pose dynamics across time. The behavior space
distribution is then clustered to identify classes of behaviors. The
complete pipeline from pose estimation to behavioral clustering for
behavior recognition is semi-supervised. The output of LEAP was
used for unsupervised analysis of the fly behavior repertoire.
SLEAP (Social LEAP) [129], the successor to LEAP, is a general

framework formulti-animal pose estimation. It implements bottom-
up and top-down pipelines, identity tracking using motion and ap-
pearance models, and over 30 neural network architectures. Our
graphical overview (Figure 1) uses the default architecture used in
SLEAP, a version of UNet [136]. UNet is an encoder-decoder ar-
chitecture designed for segmentation of biomedical images. SLEAP
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Fig. 7. Animal Behavior Classification Frameworks and the Action Recog-
nition, Pose Estimation and Tracking Methods they Use or Build Upon.

Dataset Year Trimmed Size Social Classes
Clipped Mouse
[72]

2010 ✓ 4, 268 ✗ 8

Full Mouse [72] 2010 ✗ 12 ✗ 8
CRIM13 [20] 2012 ✗ 474 ✓ 13
Sturman – EPM
[146]

2020 ✗ 24 ✗ 6

Sturman – FST
[146]

2020 ✗ 29 ✗ 2

Sturman – OFT
[146]

2020 ✗ 20 ✗ 4

Mouse –
Ventral1 [14]

2021 ✗ 14 ✗ 28

Mouse –
Ventral2 [14]

2021 ✗ 14 ✗ 16

Mouse –
OpenField
[14]

2021 ✗ 20 ✗ 6

Mouse –
HomeCage [14] 2021 ✗ 11 ✗ 8

Mouse – Social
[14]

2021 ✗ 12 ✓ 6

Fly [14] 2021 ✗ 19 ✗ 2

Table 6. Common Animal Behavior Video Datasets

is designed to be flexible to allow the comparison of part group-
ing approaches, identity tracking approaches, and neural network
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architecture properties. SLEAP achieves comparable or improved
accuracy when compared to DeepPoseKit, LEAP, and DeepLabCut
for single-animal pose estimation with faster inference speed.
DeepPoseKit [54] is a single-animal 2D pose estimation method.

The project evaluates twomodels: a new stackedDenseNet CNN [71]
network, and a modified stacked hourglass network [118] that has
origins in human pose estimation. In DenseNets [64], each layer
is connected to every other layer in a feed-forward fashion to miti-
gate the vanishing gradient problem and decrease parameterization.
The stacked hourglass architecture [118] is an encoder-decoder net-
work with several pooling and upsampling layers. Each hourglass
module processes features to a low resolution then upscales and
combines the features from multiple scales. This design captures
information at every scale and allows intermediate supervision. Of
the two methods, the stacked DenseNet was found to perform bet-
ter.
Previous pose estimationmethods likeDeepLabCut have not been

effective in tracking multiple identical animals. AlphaTracker [29]
is a recently developed tool formultiple-animal tracking that adapts
a human pose estimation algorithm, AlphaPose, for animal pose es-
timation. The positions of animals in each frame are detected using
YOLOv3 [134]. The resulting bounding boxes are cropped and fed
to a Squeeze-and-Excitation network (SE-Net) [62] to estimate pose,
and the identities of mice are tracked across frames. Squeeze-and-
Excitation (SE) networks [62] use SE blocks to improve a CNNs rep-
resentational capacity by explicitly modeling the interdependen-
cies between convolutional feature channels. Training requires la-
bels, though features extracted from the keypoints are clustered
into individual or social behaviors using hierarchical clustering in
an unsupervised manner. Calibration is automated.

Speed Accuracy Trade-Off When choosing a pose estimation ar-
chitecture, the speed-accuracy trade-off must be considered [65].
DeepLabCut prioritizes accuracy over speed by using a large over-
parameterized model (ResNet). This overparameterization leads to
relatively slow inference but maintains accurate predictions. The
LEAP system [128] prioritizes speed by using a smaller less-robust
model. Although it has a faster inference time, it is less robust to
data variance and less likely to generalize to different environments.
DeepPoseKit aims to improve processing speed without sacrificing
accuracy, and reports that the approach is about three times as ac-
curate as LEAP, as accurate as DeepLabCut [108], and twice as fast
as both (Table 7).

Approach Mean Accuracy Inference Speed (Hz)
DeepLabCut [108] 0.33 520

LEAP [128] 0.13 560
DeepPoseKit [54] 0.35 1000

Table 7. Inference Speed and Posterior Mean Accuracy for 2D Animal Pose
Estimation Approaches. Data sourced from [54].

5.2 3D Animal Pose Estimation

A two-dimensional pose is an incomplete representation of an an-
imal’s behavior as occlusions (that hide limbs) result in loss of im-
portant information. Camera viewing parameters also affect how
movement is quantified. DeepLabCut used a printed checkerboard
target to calibrate cameras for 3D pose estimation. This type of tar-
get would not work well for analyzing small animals like flies (the
Drosophila melanogaster fly is 2.5 mm long). Calibration patterns
would have to be extremely small, and color would introduce imag-
ing artifacts at translucent body parts. DeepFly3D [56] adapted the
stacked hourglass network architecture [118] and added tools to
compute the accurate 3D pose of Drosophila melanogaster using
the fly itself as the camera calibration target. Although the approach
can be used for any animal type or species, it requires multiple cam-
era views. Like LEAP, 2D pose data and 3D joint angles are used for
unsupervised behavioral classification by clustering after 3D pose
estimation. When the two data sources were compared, classifica-
tion using 3D joint angles resulted in clearer clusters of behaviors.
LiftPose3D [52] only requires one camera view, a prism mirror, and
1, 000 − 10, 000 training images. The approach is based on a CNN
architecture developed for mapping 2D human poses to 3D poses
using a single camera view [107] (Section 3). Another method, Ani-
pose [81], built onDeepLabCut, allows 3D reconstruction frommul-
tiple cameras using a wider variety of methods.
MouseVenue3D [57] contributed an automated 3Dbehavioral cap-

ture system that uses multi-view cameras to estimate 3D pose in
marker-less rodents. This work showed that 3D behavioral data
yields improved performance in behavior recognition tasks com-
pared to 2D behavioral data.

5.3 Tracking

Here, we review two tracking methods used by the animal behavior
classification frameworks we discuss.
CTrax [15] is a computer vision system designed to identify the

position and orientation ofmultiple flies in a 2D arena in each frame
of input videos. Flies are detected first through background sub-
traction and then fitting an ellipse to each fly by fitting a Gaussian
to each fly’s pixel locations. Next, flies are assigned identities us-
ing the Hungarian algorithm for minimum-weight perfect bipartite
matching.
MoTr (Mouse Tracker) [123] is a computer vision system similar

to CTrax [15] designed for tracking multiple mice in a 2D arena.
Flies are detected through background subtraction and fitting el-
lipses to mice using the expectation-maximization algorithm. Then
a hidden Markov model is used to associate mouse identities with
trajectories. Multiple mice are recognized in overhead videos by ap-
plying distinct patterns to the back of each mouse and training a
classifier on histogram of oriented gradients (HOG) [158] features
extracted from image patches containing individual mice.

5.4 Taxonomy for Animal Behavior Classification

This section provides a high-level overview of animal behavior clas-
sification frameworks for small laboratory animals. We outline a
general taxonomy that organizes methods as supervised or unsu-
pervised at a coarse level, and with varying degrees of supervision
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Taxonomy for Animal Behavior Classification
Supervised Classification

Hand-crafted Features, Behavior Labels [137], [33], [72], [20], [47], [79], [60], [101], [35], [45]
Behavior Labels [91], [160], [63]
Hand-crafted Features, Pose and Behavior Labels, PE [139], [145], [146], [4], [94], [121]
Pose and Behavior Labels, PE [179]
Optical Flow, Hand-crafted Features, Behavior Labels [161]
Residual Learning, Optical Flow, Behavior Labels [14]
Residual Learning, Pose and Behavior Labels, PE [178]
Residual Learning, Optical Flow, Behavior Labels [105]

Unsupervised Classification
Hand-crafted Features, Pose Labels, PE [61]
Fully Unsupervised [144], [11], [172], [8], [16], [73]

Fig. 8. Taxonomy for Animal Behavior Classification.Pink: supervised, Blue: unsupervised

influenced by inputs, framework components and learning strate-
gies. Supervised methods require manual labels for classification
while unsupervised methods automatically cluster the data and as-
sign labels. Within these groups we consider the influence of hand-
crafted features, labels (Pose or Behavior), pose estimation (PE), op-
tical flow, and residual learning. We focus on optical flow and resid-
ual learning as a study [120] showed improvement when using 3D
CNNs pre-trained to recognize human behaviors, then fine-tuned
on mouse behavior datasets. This study used two-stream fusion
with I3D and R(2+1)D by calculating optical flow on a dataset of soli-
tary mice videos [72]. R(2+1)D uses residual learning. Table 9 sum-
marizes key contributions of these frameworks with coarse level of
supervision indicated (pink: supervised, blue: unsupervised). The
table also indicates whether pose estimation or depth cameras are
required, the type of animal used for validation, and whether there
is support for individual or social interactions. Figures 9, 10 and 11
diagram a representative set of systems (posed-based, supervised
without pose estimation, and unsupervised without pose estima-
tion respectively).

Supervised Classification requires behavior labels.

• Hand-craftedFeatures,BehaviorLabels:These examples
use computer vision processing methods to fit shapes (el-
lipses) to the animal body, extract features, and apply neural
networks to classify learned features to behaviors.

– One of the first works to apply neural networks to animal
behavior analysis [137] trained a three-layer feed-forward
neural network on 3 parameters that describe a rat’s posi-
tion, achieving a 63% accuracy over nine behaviors.

– Caltech Automated Drosophila Aggression-Courtship Be-
havioral Repertoire Analysis (CADABRA) [33] measured
social behaviors from overhead videos of fly pairs. Fly bod-
ies were localized [12], and fitted with ellipses before cal-
culating features (size, position and velocity). K-nearest-
neighbors was used to classify actions from the features.

– A later study [72] extracted per-frame features of a rodent
and used a SVM hidden Markov model (SVMHMM) [1] to
output behavioral labels. The primary dataset was a single
black mouse with a white background. A dataset with per-
frame labels of eight solitary behaviors of a mouse in a
standard enclosure over ten hours was also released.

– The next development [20] focused on social interaction
between two mice with unconstrained colors. The algo-
rithm tracks rodents, calculates features, and applies Ad-
aBoost to classify trajectory and spatiotemporal context
features. The Caltech Resident-Intruder Mouse (CRIM13)
dataset [20] was released with 13 action classes and 237
10-minute videos (8 million frames, over 88 hours) of top
and side views of mice pairs engaging in social behavior.
A 2013 study [47] generalized this framework to support
more mice and different experimental settings using a tem-
poral random forest classifier.

– Janelia Automatic Animal Behavior Annotator (JAABA)
system [79] (Figure 10) fits ellipses to body outlines using
CTrax (Section 5.3), and then calculates per-frame features
from the trajectory. A Gentleboost algorithm [43] classi-
fies behaviors using per-frame window features and man-
ually collected behavior labels.

– Later Hong et. al. [60] trained a random forest classifier
on location, appearance, and movement features extracted
from egocentric depth maps, and five learned pose param-
eters to identify social rodent behaviors. A social behavior
analysis project [101] used GMM and EM algorithms (like
CTrax) to track features.

– LiveMouseTracker [35] is a method for real-time tracking
of rodent trajectories for behavior analysis of up to four
mice. An infrared-depth camera segments and removes
the background from frames, and a random forest algo-
rithm identifies rodents and their orientations (shape and
posture) from labels. Individual and social behavioral traits
were extracted.
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– DEcoding Behavior Based on Positional Tracking (Behav-
iorDEPOT) [45] is a software program for behavior recog-
nition in videos. It uses heuristics tomeasure human-defined
behaviors from pose estimation data (from DeepLabCut)
that are easier to interpret than traditional supervised ma-
chine learning methods.

• BehaviorLabels:These approaches use labels but avoid hand-
crafted features as they must be defined a priori and may not
generalize to different behaviors [63].

– A 3D CNN [91] similar to C3D was used to extract short-
term spatio-temporal features from clips. These features
are fed to an RNNwith LSTM blocks to produce long-term
features. A SoftMax layer outputs the probabilities of be-
haviors in each clip. This approach slightly underperformed
when compared to an approach that used handcrafted fea-
tures [72].

– Amulti-fiber neural network (MF-Net) [27, 160] (Figure 10)
has been used to classify videos for rat behavior recog-
nition (RBR). The architecture has one 3D convolutional
layer followed by four multifiber convolutional blocks. Re-
sults outperformed the prior work of this team [161] when
tested on the same dataset (see discussion of EthoVision
XT RBR). However, MF-Net uses data augmentationwhich
did not generalize to different set-ups or animals. Note one
less successful option in the paper used optical flow.

– The LabGym [63] framework provides customizable com-
binations of neural networks to assess spatiotemporal in-
formation in videos. It runs easily on a common laptop,
without the need for powerful GPUs required by Deep-
Ethogram [14] and SIPEC [105] (which we describe later).
It is not optimized for social behavior analysis but is effec-
tive for invertebrate and mammal behavior analysis.

• Hand-crafted Features, Pose and Behavior Labels, PE:

– The Mouse Action Recognition System (MARS) [139] (Fig-
ure 9) focuses on social behaviors between a black and
white mouse. It adapts a stacked hourglass architecture
(Section 5.1) with eight hourglass subunits to estimate pose.
The rolling feature-window method from JAABA is used
to calculate handcrafted features over a time window. XG-
Boost [25] is trained to predict behaviors given the win-
dow features.

– The DeepBehavior toolbox [4] (Figure 9) uses a version
of GoogLeNet [145] or OpenPose [22] (depending on the
species) for kinematic analysis of three rodent behaviors
in 3D. Stewart and colleagues designed an architecture [145]
for multiple object detection using GoogLeNet to encode
images into high level descriptors before decoding the rep-
resentation into a set of bounding boxes using an LSTM
layer. Experiments were conducted using one or two cam-
eras.

– Simple Behavior Analysis (SimBA) [121] (Figure 9) classi-
fies behaviors based on the locations of certain key points,
or joint locations, obtained from 2D pose estimation meth-
ods (like DeepLabCut, LEAP and DeepPoseKit). After de-
tecting poses, outliers are identified and corrected. There
are 498 metrics calculated from corrected pose data over
rolling windows (like JAABA). Random forest classifiers
are trained to predict behavior classes given the calculated
features. In a related approach [146], DeepLabCut is used
for per-frame pose estimation, before applying a feedfor-
ward neural network to classify pose features as behaviors.
Sturman et al. [146] released three video datasets of mice
behavioral tests, including the open field test (OFT), ele-
vated plus maze (EPM), and forced swim test (FST).

– OpenLabCluster [94] contributed unsupervised clustering
(Section 2) of pose features using a deep recurrent encoder-
decoder architecture and an active learning approach (Sec-
tion 2). In the latter approach, at each iteration, one sample
is labeled, and the clustermap is refined. A fully-connected
network is appended to the encoder to perform classifica-
tion trained on labeled samples. The results produce fast
and accurate classification in four animal behavior datasets
with sparse labels.

• Pose and Behavior Labels, PE:

– ConstrastivePose [179] uses contrastive learning to reduce
differences in pose estimation features and its random aug-
mented version, while increasing differences with other
examples. These features have a similar structure as hand-
crafted features and perform comparably on semi-supervised
behavior classification.

• Optical Flow, Hand-crafted Features, Behavior Labels:

– The EthoVision XT RBR [122, 161] is commercial software
that tracks features using optical flow estimated with the
Lucas-Kanade algorithm [7, 102]. Features are reduced to
a low-dimensional space using the Fisher linear discrim-
inant analysis [44] before applying a quadratic discrim-
inant for classification. The testing dataset (solitary rats
with per-frame labels of 13 behaviors) is not public.

• Residual Learning, Optical Flow, Behavior Labels:

– DeepEthogram [14] (Figure 10) generates an ethogram (a
set of user defined behaviors of interest). The system builds
upon a two-stream approach that computes optical flow
on the fly. First the flow generator is trained on unlabeled
videos, while the user labels each frame of some videos in
parallel. ResNet models extract per-frame flow and spatial
features. A CNN with Temporal Gaussian Mixture (TGM)
layers [132] learns a latent hierarchy of sub-event intervals
from untrimmed videos for temporal action detection. The
TGM has a large temporal receptive field, and outputs the
final probabilities that indicate whether the behavior ex-
ists at each frame. Thus, this method integrates aspects of
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action detectionmethods (Section 1.1) as information from
seconds ago helps classify current behaviors. Five bench-
mark datasets of mice in different arenas were released,
including one with social interaction, and one with flies to
test if the system generalized to other species.

• Residual Learning, Pose and Behavior Labels, PE:

– A recent work [178] models interactions between mice us-
ing a Cross-Skeleton Interaction Graph Aggregation Net-
work (CS-IGANet). A Cross-Skeleton Node-level Interac-
tion (CS-NLI)models multi-level interactions betweenmice
and fusesmulti-order features. An Interaction-Aware Trans-
former for the dynamic graph updates, and node-level rep-
resentations, was proposed. DeepLabCut is used to esti-
mate pose for datasets without pose labels. A self-supervised
task for measuring the similarity of cross-skeleton nodes
was also proposed. This approach outperforms other ap-
proaches on the CRIM13 dataset.

• Residual Learning, Optical Flow, Behavior Labels:

– Segmentation, Identification, Pose-Estimation and Classi-
fication (SIPEC) [105] contributedmultiple deep neural net-
work architectures for individual and social animal behav-
ior analysis in complex environments. These networks op-
erate on pixels. SegNet [6] is a well-known CNN archi-
tecture for pixel-wise segmentation of images on which
SIPEC:SegNet is built. SIPEC:IdNet uses DenseNet to pro-
duce visual features that are integrated over time through
a gated recurrent unit network [31] to reidentify animals
when they enter or exit the scene. SIPEC:PoseNet performs
top-downmulti-animal pose estimation. SIPEC:BehaveNet
uses an Xception network [30] and a Temporal Convolu-
tion Network [162] to classify behaviors from raw pixels.
This system was the first to classify social behaviors in pri-
mates without pose estimation. Note that the classification
pipeline (which is our focus) is not pose-based.

Unsupervised Classification: These methods do not require be-
havior labels for the classification step. The learning process may
require input from a supervised pose estimation system (that re-
quires labels). However, the final classification is determined by an
automated process that generates and assigns labels (like numeric
values) to the output of a clustering system.

• Hand-crafted Features, Pose Labels, PE:

– Behavioral Segmentation of Open-field in DeepLabCut (B-
SoiD) [61] (Figure 9), uses DeepLabCut (Section 5.1), to
obtain six joint locations (snout, four paws, tail base) per-
frame, then calculates spatiotemporal relationships (speed,
angular change, and distance between joints). Features (like
speed) are projected from a High-dimensional space to a
low-dimensional space using UMAP [111]. HDBScan [21]
clusters the results, and a random forest classifier is trained

to predict behaviors directly from high-dimensional fea-
tureswithout the computationally expensive clustering step.
The need to evaluate and transfer non-linearities from di-
mensionality reduction is also avoided.

• Fully Unsupervised:

– PCA has been applied to a worm’s centerline (which de-
scribes most of a worm’s behavior) to represent the eigen-
worm [144] as three values. Unsupervised learning has been
used to detect behaviors as sequences of eigenworm posi-
tions [17], before clustering using affinity propagation [42].

– MotionMapper [11] (Figure 11) classifies fruit fly behav-
iors. The system shows that fruit fly posture can be cap-
tured by a low dimensional subspace of eigenmodes. PCA
analysis projects a processed (segmented, resized and aligned)
frame (to a set of 50-dimensional time-series. A Morlet
wavelet transform [53] is then applied to create a spectro-
gram for each posturalmode. Thewavelet’s multi-resolution
time-frequency trade-off reflects postural dynamics at dif-
ferent time scales. Then, t-SNE [163] is used to embed the
spectrograms to a 2D space and preserve the local struc-
ture of clusters. Finally, a watershed transform [113] seg-
ments the embedding and identifies individual behavior
peaks. In a related approach [165], a type of hierarchical
clustering is used to describe the behaviors of Drosophila
larvae. This experiment characterized behavior through
the identification of 29 atomic movements and four move-
ment categories. MotionMapper [85] was later extended to
classify paired fruit-fly behaviors by first segmenting the
two flies in each frame.

– Motion Sequencing (MoSeq) [171, 172], (Figure 11), em-
beds a depth video of an animal into a ten-dimensional
space using PCA. An AR-HMM is then fit to the principal
components to generate behavioral syllables, producing a
dynamical and behavioral representation. The need for a
parameter that controls the time scale of transitions be-
tween behavioral states can be eliminated by finding mo-
tifs of varied lengths [17] or using time-frequency analysis
like a wavelet transform [11, 85]. Wavelet transforms can
capture multi-scale postural dynamics.

– BehaveNet [8] (Figure 11) builds uponMoSeq [172]. It uses
convolutional autoencoders (CAEs) instead of PCA to gen-
erate a low-dimensional continuous representation of be-
havior. AnAR-HMMis used to segment the representation
into behavioral syllables.

– Unsupervised behavior analysis andmagnification (uBAM)
[16] introduces a neural network designed to compare be-
haviors, and another designed tomagnify differences in be-
havior. This allows classification behavior extraction and
analysis of small behavioral differences, without using any
pose or behavior labels.
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Method Year
Multiple
Animals

Validated 2D/3D
Multiple
Cameras

Key Contribution(s)

DeepLabCut
[108]

2018 ✗

Mice, Flies,
Humans,
Horses, Fish

2D/3D ✓

• The application of the DeeperCut [66] feature detec-
tor architecture, that was originally designed for human
pose estimation, to animal pose estimation.

LEAP [128] 2019 ✗ Mice, Flies 2D ✗

• The design of a CNN architecture inspired by three hu-
man pose estimation architectures [118, 154, 170]. The
CNN is shallow and is trained from scratch to improve
inference speed compared to DeepLabCut at the expense
of less robustness and requiring more training data to
achieve the same performance.

DeepPoseKit
[54]

2019
✓(if not
occluded)

Flies, Locusts,
Zebras

2D ✗

• The development of a stacked DenseNet architecture
[118] [71] [64] to improve speed and robustness.

DeepFly3D
[56]

2019 ✗
Flies,
Humans

3D ✓

• The adaptation of a stacked hourglass architecture [118]
to permit 3D pose estimation using multiple cameras.

Anipose [81] 2021 ✗

Flies, Mice,
Humans 3D ✓

• The introduction of filters to improve 2D tracking and
a novel triangulation procedure for 3D pose estimation
using multiple cameras.

LiftPose3D [52] 2021 ✗
Flies, Mice,
Monkeys 3D ✗

• The adaptation of an architecture designed for lifting 2D
human pose into 3D [107] for monocular 3D animal pose
estimation.

Multi-animal
DeepLabCut
[90]

2022 ✓

Mice,
Monkeys,
Fish

2D/3D ✓

• The development of a multi-task architecture which
identifies keypoints, assembles them to predict limbs,
then assigns them to individuals. This formulation al-
lows for the tracking of multiple animals in one scene.

SLEAP [129] 2022 ✓
Mice, Flies,
Bees, Gerbils

2D ✗

• The design of a novel multi-animal pose tracking sys-
tem that incorporates multiple CNN architectures and
approaches for part grouping and identity tracking.

Table 8. Animal Pose Estimation Methods. Pink: supervised.

– Self-supervised Feature Extraction (Selfee) [73] (Figure 11),
trains a network to extract suitable classification features
from unlabeled videos (about 5million). Two Siamese CNNs
based on ResNet-50 learn a discriminative feature repre-
sentation of behavior with a training rate that is faster (8
hours on one GPU) than modern self-supervised models.
Note that this paper also included a classification example
that used labels.

6 DISCUSSION AND FUTURE DIRECTIONS

This section discusses future research that investigates adaptations
of action recognition for animal behavior classification.

Action recognition has many practical applications as many pro-
fessions use automated methods to interpret motion from publicly
available or privately acquired videos. Although we are motivated
by problems with behavior analysis in neuroscience, these research
topics are relevant to several application spaces. Recognizing player
movements in gaming [13], monitoring infants [114], preventative
healthcare for the elderly, and hand-object pose estimation in aug-
mented and virtual reality environments [39] are examples.

There are opportunities to further evaluate human action recogni-
tion methods on animal behavior classification problems. Human
action recognition methods are mature compared to emerging de-
velopments in animal behavior classification [74]. Adapting CNN-
based action recognitionmethods not yet considered in this domain
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Method Year
Pose
Based

Social Validated
Depth
Cam.

Key Contribution(s)

JAABA [79] 2013 ✓ ✓
Mice,
Flies

✗

• The development of a supervised behavior classification sys-
tem usable by biologists.

• A set of per-frame features are computed from the pose tra-
jectories that are input to an optimized GentleBoost learning
algorithm [43].

MotionMapper
[11]

2014 ✗ ✓ Flies ✗

• The design of an unsupervised behavior classification
pipeline in invertebrates in which frames are segmented,
scaled, aligned, then decomposed via PCA.

• A spectrogram is created for each postural mode, then each
point in time is mapped to a 2D plane using t-SNE. Peaks are
identified after the application of a watershed transform.

MoSeq
[171, 172]

2015 ✗ ✗ Mice ✓

• The design of an unsupervised approach to identify behav-
ioral modules in vertebrates.

• After compressing mice videos using PCA, an AR-HMM is
used to segment the representation into discrete behavioral
syllables.

DeepBehavior
[4]

2019 ✓ ✓
Mice,
Humans

✗

• The adaptation of GoogLeNet [148] and YOLO-v3 [134] CNN
architectures to identify rodent behaviors individually and
socially, respectively.

BehaveNet [8] 2019 ✗ ✗ Mice ✗

• The introduction of a probabilistic framework for the unsu-
pervised analysis of behavioral videos and neural activity.

• The use of a CAE to compress videos before they are seg-
mented into discrete behavioral syllables using an AR-HMM.

• A generative model that can be used to simulate behavioral
videos given neural activity.

B-SoiD [61] 2021 ✓ ✗ Mice ✗

• The dimensionality reduction of pose features produced by
DeepLabCut [108] using UMAP.

• The use of HDBScan to cluster the embedded features and
the subsequent training of a random forest classifier to pre-
dict behaviors directly from high-dimensional pose features.

SimBA [121] 2020 ✓ ✓
Mice,
Rats

✗

• The design of a pose-based approach to rodent social behav-
ior analysis with tools to increase ease-of-use for behavioral
neuroscientists.

• The classification of behaviors based on positions of recog-
nized joints.

MARS [139] 2021 ✓ ✓ Mice ✗

• The development of a pose-based approach to recognize so-
cial behaviors between a black and white mouse.

DeepEthogram
[14]

2021 ✗ ✓
Mice,
Flies

✗

• The design of a novel supervised approach that operates on
raw pixel values.

• Optical flow is estimated from video clips using MotionNet
[180], flow and spatial features are compressed, and then a
sequence model estimates the probability of each behavior
in each frame.

Table 9. Animal Behavior Classification Frameworks. Pink: supervised, Blue: unsupervised
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DeepBehavior [4]

Behavioral Segmentation of Open Field in DeepLabCut (B-SOiD) [61]

Simple Behavior Analysis (SimBA) [121]

Mouse Action Recognition System (MARS) [139]

Fig. 9. Pose-based Animal Behavior Classification Frameworks
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Janelia Automatic Animal Behavior Annotator (JAABA) [79] Multi-fiber Network (Van Dam et al., 2020)

DeepEthogram [14]

Fig. 10. Supervised Animal Behavior Classification Frameworks that Operate on Pixel Values without Pose Estimation

would be beneficial to address domain specific problems like oc-
clusion from hidden limbs on small subjects, as well as historical
challenges like processing high-resolution videos. Action recogni-
tionmethodswork on trimmed videos while many animal behavior
methods operate on untrimmed videos with labeled frames. Frames
with a broad range of non-class activities may be indicated by a sin-
gle background class. Accurate evaluation of new methods on ex-
isting benchmark datasets will require special handling when the
data varies between these domains. Many CNN architectures oper-
ate on low resolution videos. Higher resolution data, or increased
kernel sizes (for detecting long range dependencies) increase com-
putation time. There is a need to consider CNN-based systems that
are customized to address the speed accuracy trade-off. The follow-
ing research topics are relevant:

Fully UnsupervisedBehavior Classification: Behavior analysis
is important for diagnosing and treating neurological disorders [109].
The human action recognition techniques we reviewed were super-
vised or semi-supervised, requiring labeled videos. Manual labeling
of videos is time consuming and inconsistent [55]. Unsupervised an-
imal behavior classification systems [8, 11, 73, 171, 172] are few, and
open challenges remain. Our taxonomy (Section 5.4) shows that
many methods that are broadly classified as unsupervised are dis-
criminative and pose-based. Many steps still require hand-crafted
features, or labels in complex systems. Unsupervised classification

systems would remove manual scoring and inconsistencies that
might skew results [14, 55, 139]. In addition, new micro-scale be-
haviors that are not pre-defined in a behavior collection may be
discovered. Approaches that operate on unstructured data should
be able to identify behaviors at different time scales and organize
behavior in a hierarchical structure.

Action Recognition in Crowds and Complex Social Environ-

ments: Many behavioral studies aim to understand complex so-
cial behaviors of multiple subjects in intricate environments. In
these scenarios, identifying the behavior of multiple subjects per-
forming individual actions in the same frame is challenging. Pose-
based action recognition systems that use two-stage inference are
more prone to errors when there are multiple overlapping body
parts. A common error is the assignment of the same limbs to mul-
tiple subjects. In the domain of animal behavior classification, CS-
IGANet and other works [20] can classify multi-subject behaviors
in social datasets like the CRIM13 resident-intruder mouse [20]
dataset. However, these approaches do not predict individual ac-
tions of each subject. SIPEC [105] is one of the first examples to
have success identifying behaviors of individual subjects in a so-
cial setting. There is a need to investigate networks that evaluate
dense activity (swarms) in in-the-wild conditions.
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MotionMapper [11]

Motion Sequencing (MoSeq) [171, 172] BehaveNet [8]

Selfee (Jia et al., 2022)

Fig. 11. Unsupervised Animal Behavior Classification Frameworks that Operate on Pixel Values without Pose Estimation.

Robust Multi-modal Action Recognition:Multimodal data cap-
ture has been used to describe an animal’s dynamics in social in-
teractions. Multi-modal sensing for behavior recognition is impor-
tant as a more complete behavior representation may be achieved
by combining heterogenous information from different sensory de-
vices. However, it is a challenge to fuse and work with motion in-
formation across different sensory devices, and when there are sig-
nificant variations in environmental lighting conditions. Networks
that operate on multimodal data from different imaging modalities
would be effective for interoperability.

7 CONCLUSION

Automated classification of activity performed by humans in videos
is an important problem in computer vision with applications in
many fields. We presented a thorough and detailed review of CNN
architectures developed for two related tasks: human action recog-
nition, and human pose estimation. We traced the development of
these network architectures, examining design decisions that in-
creased performance on benchmark image and video datasets. We

focused our paper on techniques that have been modified for ani-
mal behavior classification tasks. Our taxonomy for animal behav-
ior classification frameworks is more comprehensive than others
because we consider model inputs and system components that in-
fluence more varied levels of supervision. We discussed and com-
pared the components of several of these behavior classification
systems, highlighting challenges and future research directions.We
believe this surveywill inspire futurework in action recognition, its
adaptation for animal behavior classification, and new evaluation
metrics that compare neural network performance across different
levels of supervision.
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